Objective. The objective of this study was to evaluate the ability of artificial neural networks (ANNs) to predict, on the basis of clinical variables, the response of persons with fibromyalgia syndrome (FMS) to a standard, 4-week interdisciplinary pain program.
Introduction
Fibromyalgia syndrome (FMS) is a highly prevalent disorder characterized by chronic widespread pain, disturbed sleep, cognitive symptoms, fatigue, and a number of somatic symptoms [1] . As primary and secondary prevention are not viable due to the lack of biological markers and limited knowledge of the underlying pathogenic mechanisms, rapid access to treatment and functional rehabilitation is essential to minimize negative impact of established disease. However, reaching an optimal treatment in FMS is largely empirical and usually involves substantial trial and error and patient monitoring for several months each time a new treatment is initiated, and this delay in achieving symptomatic improvement is often the cause of prolonged frustration and suffering [2] [3] [4] . In addition, persons with FMS may differ considerably in their psychosocial profiles [5, 6] and their perception of pain [7, 8] , and there are sizable individual differences in responses to treatment [9, 10] .
In the current scenario, customizing therapeutic intervention to patients' clinical profiles holds promise to improve treatment outcome. Progress toward this goal will require the development of clinical prediction rules, i.e., empirical statements that are formulated to improve the efficiency and accuracy of clinical judgments [11, 12] , which will ultimately assist the clinician in adopting an optimal therapeutic approach on the basis of patient's characteristics and clinical settings. The first step in this process is the identification of predictors of treatment outcome from observational studies [11] .
In this work, we have explored the ability of artificial neural networks (ANNs) to predict patient response to a standard, 4-week interdisciplinary pain program on the basis of a variety of clinical baseline characteristics as input data. ANNs are a widely available modeling technique that compares favorably with multiple lineal general models for classifying dependent variables in a number of complex data models and proves useful for classification in complex biological systems when prediction depends on interactions of many variables [13] [14] [15] . An ANN can be trained to recognize specific patterns of input data and to provide a classification label as an output. We show that ANN-based models can attain excellent predictive performance that can be potentially exploited for clinical decision making.
Methods

Setting and Baseline Data Collection
A total of 72 outpatients with FMS (69 women and 3 men) aged 24-59 (mean age 41.5 years) attending the Fibromyalgia Unit at the Hospital Clínic i Provincial in Barcelona participated in the study ( Table 1 ). The study was approved by the institutional ethical review boards of all three participating institutions, and all participant subjects provided their written, informed consent. Sociodemographic data were collected first, and questionnaires were then administered in the same session for baseline clinical assessment, including the Fibromyalgia Impact Questionnaire (FIQ), Medical Outcomes Study-Short Form 36 (SF-36), the Stanford Health Assessment Questionnaire (HAQ), the Hospital Anxiety and Depression Scale (HADS), and the McGill Pain Questionnaire (MPQ) ( Table 2 ). All questionnaires were first administered at baseline, and then at discharge and at follow-up 5 months later.
The FIQ is a 20-term, self-administered questionnaire that assesses both psychological and physical symptoms of FMS and allows for a broad quantification of interference of the condition on daily living tasks and quality of life [16] . It is quickly administered and easily evaluates a broad [17] .
The Spanish version of the SF-36 [18] was administered to assess overall health status and health-related quality of life (HRQOL). The physical component summary (PCS) and the mental component summary (MCS) were calculated from scorings on appropriate items of the test. PCS and MCS scorings can range from 0 to 100, where higher values relate to better quality of life.
The HADS is a self-assessment scale that has been developed as a tool for detecting states of depression and anxiety in the setting of a hospital outpatient clinic. It includes anxiety and depressive subscales. We used the HADS version validated for Spanish language [19] . The HAQ (cf. below) is a commonly used tool in rheumatology quantifying difficulty in performing activities of daily living and measuring functional disability in patient groups [20, 21] . We used the validated Spanish translation of the HAQ [22] .
The MPQ is a widely employed verbal pain assessment tool. It comprises 20 subscales or sets of verbal descriptors designed to evaluate the sensory, affective, evaluative, and miscellaneous dimensions of pain [23] . The MPQ also includes a visual analog scale (VAS) as current pain self-assessment tool. A Pain Rating Index (PRI) was calculated from weighted MPQ item scores for each of the pain dimensions addressed by the questionnaire, i.e., sensory-discriminative, affective-motivational, evaluative, and miscellaneous dimensions of pain. Only the sensory and affective indices were included for study. We used the validated Spanish translation of the MPQ [24] . Criteria for inclusion were 1) age between 18 and 65 years, 2) no major psychopathology (severe suicide risk, schizophrenia or other psychotic disorders, or severe personality disorder), 3) no drug dependence/abuse, and 4) not being in the course of labor litigation or application for disability benefits. Briefly, the multidisciplinary intervention encompassed pain pharmacotherapy (based on pregabalin, serotonin-norepinephrine reuptake inhibitors, as well as nonsteroidal anti-inflammatory drugs or opioids on an as-needed basis), cognitive-behavioral therapy (motivational interviewing, electromyographic biofeedbackassisted relaxation training, pacing techniques, distraction and visualization techniques, cognitive restructuring, and assertive training), physical therapy, and occupational therapy (training in daily activities, simulation of work tasks, modification of the risk factors at work, and ergonomic redesign of the workplace as needed). As many of our patients entered treatment with a number of misconceptions regarding pain, an important component of this multidisciplinary program was to provide accurate, reliable information via medical, psychological, occupational, and ergonomic seminars. The treatment was delivered in 12 sessions over a 4-week period on a 3-days-a-week basis (5 hours a day).
Interdisciplinary Treatment
Functional Outcome Measure
In this study, the HAQ was used to evaluate functional status and treatment outcome. The HAQ measures difficulty in performing activities of daily living and is commonly used in rheumatology to quantify functional disability in patient groups [20, 21, 26] . This instrument contains 20 questions, classified into eight domains (dressing and grooming, arising, eating, walking, hygiene, reach, grip, and activities), regarding functional limitations due to a disease condition. From these, the HAQ disability index (DI) ranging from 0 to 3 can be computed as a sensitive measure of disability, where scores of 0-1 are generally considered to represent mild to moderate difficulty, 1-2 moderate to severe disability, and 2-3 severe to very severe disability. An advantage of this tool is that normative data for the general population and patient populations are available. The estimated population mean HAQ-DI is 0.25 (95% confidence interval [95% CI] 0.22-0.28) [27] , whereas average scores that have been reported in osteoarthritis and rheumatoid arthritis patients are 0.8 and 1.2, respectively [21] .
We used the reliable change (RC) statistic to evaluate if the change in scores as a result of treatment was greater than would be expected from random variation alone. The RC index (RCI) determines whether the patient's status has changed reliably by calculating if the magnitude of the difference between the initial score and the score after treatment is greater than a certain expected level corrected for the standard error of the measurement. As described by Jacobson and Truax [28] , the RCI is defined as the difference between pretest and posttest scores, divided by the standard error of the measurement. The latter is measured as SD r 1 2 1− , where SD1 is the standard deviation of the sample at baseline and r is the test-retest reliability of the Spanish-validated version of the instrument (r = 0.89 [22] ). A spreadsheet (LibreOffice Cal v. 3.6.2.2, http://www.libreoffice.org/about-us/ credits/) was used here to calculate RCI. In this study, patients with a positive RC, i.e., those whose improvement was greater than the measurement error for the course of treatment to be considered successful (RCI greater than 1.96) were be labeled as responders (at P < 0.05), whereas patients either showing a negative RC (RCI < -1.96) or falling within the band of no RC (-1.96 to 1.96) were labeled as nonresponders.
ANN Analysis
We sought to reach parsimonious ANN-based models exhibiting acceptable predicting capabilities. Therefore, we tentatively built and trained a number of feed-forward neural networks of the multilayer perceptron class, from which three final models were selected on the basis of their performances on training and validation phases. Architecturally, the networks were composed of an input layer consisting of as many computational processing elements-the so-called neurons-as selected variables from the baseline patient assessment (Table 2 ), a hidden neurons layer, and an output layer providing the result of the network's prediction in terms of a binomial variable ( Figure 1 ). In the basic multilayer perceptron architecture, each input to a neuron is multiplied by a weight, and inputs to a given neuron plus a bias term are then all summed. Weights and biases are assigned random values prior to learning, and the learning phase consists of iteratively providing the input layer with selected clinical data along with the desired output, so the network internally adjusts weights associated with each neuron according to the differences between obtained and desired output values. Here, patient scores from the various baseline assessment tools were normalized and fed into input layers, and heuristic methods were used for ANN training. In all cases, ANNs were trained for 50,000 cycles by using a back-propagation training algorithm, the delta rule as learning rule, and a sigmoid function for transforming the total net input to a neuron to obtain its final output. In the three final ANN models, the root mean square errors at the output layer were close to 0.2. Out of the total of 72 subjects included in this study, data from two thirds of participating subjects (48 individuals) were randomly included in the learning phase of ANN development (training data). The predictive performance of developed ANN-based models was then evaluated in terms of positive predictive value (precision rate), negative predictive value, and prediction accuracy by presenting the networks with unused data from the remaining 24 individuals (test data).
Logistic Regression Analysis
Logistic regression (LR) analyses were carried out for comparison to the performance of ANN-based models. All subjects in the sample were included. Stepwise binomial regression analyses were performed by combining forward selection and backward elimination approaches in parallel with ANN analysis and by using the same input data as for ANN training (Table 2) , with positive RC at discharge or at 6-month follow-up as dependent variables. Variables were retained only if they contributed to a Figure 1 Schematic representation of general architecture and input/output configuration of artificial neural networks (ANNs) built and trained in the present study. The network was composed of a four-neuron input layer receiving patient data, a hidden layer comprising five neurons, and an output layer providing the output result and containing one or two neurons. Model 3 is shown here, in which the output was provided by two neurons. In all three models trained, normalized scorings on the sensory-discriminative and affectivemotivations subscales of the McGill Pain Questionnaire (MPQ), the anxiety subscale of the Hospital Anxiety and Depression Scale (HADS), and the HAQ disability index (DI) were fed to neurons of the input layer of the network. During the training phase, an additional input channel (not depicted) introduced the desired output result to the network, i.e., whether or not the patient should be considered as responder.
statistically significant model at P < 0.05. Positive predictive value (precision rate), negative predictive value, and prediction accuracy of the so-obtained regression models were calculated on the basis of predicted and actual outcome measures.
Results
Characteristics of Responders and Nonresponders
Clinical variables used for patient evaluation and for building models to predict response to multidisciplinary treatment are reported in Table 2 . Table 3 shows scorings of the entire patient group at baseline, along with measures of outcome segregated by responder and nonresponder categories both at discharge and at 6-month follow-up.
When comparing the changes in clinical evaluation variables after treatment relative to baseline, statistically significant improvements were found in the responder group at discharge evaluation in several clinical measures (paired-samples t-test), including pain (VAS), sensory dimension of the MPQ, the anxiety subscale of the HADS, FIQ scorings, the PCS of the SF-36, and predictably the HAQ-DI as basic criterion of patient classification (Table 3 ). In addition, significant changes were noted in the responder group at 6-month follow-up relative to baseline regarding pain (VAS), impact of the disease in terms of FIQ, as well as the PCS and again the HAQ-DI (Table 3 ). In patients labeled as nonresponders, only the HAQ-DI was found to be slightly but significantly (P < 0.05) lowered at discharge relative to baseline (Table 3) .
When comparing the clinical status of responders to that of nonresponders, significant differences (independentsamples t-test) were found at discharge between the two groups as to average intensity of pain (VAS) and scorings on the sensory-discriminative dimension of pain (MPQ), on the FIQ, on the anxiety subscale of the HADS, as well as on the HAQ-DI. We failed to detect statistically significant differences between responders and nonresponders at the 6-month follow-up.
ANN Analysis
Tentative ANNs were developed at the first instance by using a variety of network configurations and combinations of clinical variables used for baseline patient evaluation as input data. From these, three final models were selected on the basis of their performances on training and validation phases. In all three, the hidden layer was composed of five neurons and clinical variables fed into the input layer included scorings in the sensorydiscriminative and affective-motivational subscales of the MPQ, the HAQ-DI, and the anxiety subscale of HADS (Figure 1 ). Models 1 and 2 were trained to predict whether Clinical characteristics of the whole study group at baseline are presented, as measured by scorings on a battery of clinical evaluation instruments, as well as scoring segregated by responder and nonresponder categories at both discharge and 6-month follow-up. Data are given as mean Ϯ standard deviation. Statistical significance of differences between responders and nonresponders at the two evaluation time-points (independent-samples t-test) are marked by one and two asterisks (* equals P < 0.05 and ** equals P < 0.01). Significant changes at discharge or at follow-up in either responders or nonresponders relative to status prior to treatment (paired-samples t-test) are marked by three and four asterisks (*** and **** denote P values of <0.05 or <0.01, respectively). HADS = Hospital Anxiety and Depression Scale; MPQ = McGill Pain Questionnaire; SF-36 = Medical Outcomes Study-Short Form 36; VAS = visual analog scale.
or not a person with FMS about to enter the multidisciplinary intervention would exhibit positive RC at discharge and at 6-month follow-up, respectively. Model 1 correctly classified 81.81% of responders and 100% of nonresponders in the test data set, with an overall accuracy of 91.66% (Table 4) . Model 2 correctly classified 83.33% of responders and 100% of nonresponders in the test data set, with an overall accuracy of 91.66% (Table 4 ). The areas under the respective receiver operating characteristic (ROC) curves were 0.91 and 0.94, respectively ( Figure 2A ).
Model 3 was trained to predict the prospective pattern of response over the two evaluation time-points, i.e., whether the subject would be classifiable as responder or nonresponder at discharge and then at 6-month follow-up ( Figure 1 ). The so-constructed model correctly classified 20 out of 24 cases (83.33%) in the test data set. Details on correctly classified cases across the four possible response patterns are reported in Table 5 .
Logistic Regression Analysis
For comparison purposes, all clinical variables used as input data for ANN analysis, i.e., all those used for patient baseline evaluation, were considered as potential explanatory variables in regression analyses. After using stepwise forward selection, backward elimination, and personal discretion, the best LR model for patient response at discharge included the HAQ scores and MCS from the SF-36 questionnaire at baseline evaluation as significant predictors (B = 4.11 and 0.11; Wald = 11.30 and 9.75 with a 95% CI for HAQ and MCS, respectively; Table 6 ). The overall model was significant at P < 0.01 and correctly classified 75% of responders and 91.66% of nonresponders with an overall accuracy of 86.11% (Table 6) . No other attempted sets of explanatory variables yielded a statistically significant model. For classifying patients as responders or nonresponders at 6-month follow-up, only HAQ scores at baseline evaluation showed explanatory value (B = 1.89 and Wald = 7.74 at 95% CI; Table 6 ). The model was significant at P < 0.01 and correctly classified 34.61% of responders and 76.08% of nonresponders, with an overall accuracy of 61.11%. Areas under the corresponding ROC curves for the two LR models were 0.907 and 0.70, respectively ( Figure 2 ).
Discussion
This is the first report investigating a potential role for ANNs in predicting the response to a standard multidisciplinary treatment in patients with FMS. The data suggest that the learning and adaptive capabilities of ANNs can be of use to classify persons with FMS as prospective responders or nonresponders on the basis of baseline clinical data.
Response to Multidisciplinary Intervention
Training an ANN with classificatory purposes involves presenting the network with the desired output, along with the input data, in such a manner that its internal neuronal connections are progressively adjusted to associate input profile with the correct output result [13] . In this phase, a critical step is that patients presented to the ANN as responders had been correctly labeled as such because the clinical improvement of patients identified by trained ANNs as prospective responders will be expected to be significant enough to justify having been selected for intervention. In this study, we addressed this issue by labeling study subjects as responders on the basis of their changes in functional clinical status after therapeutic intervention. In this regard, multimodal treatment is deemed as the currently most effective treatment option in FMS [2, 29, 30] , and this is important in such a disease as FMS where despite the need for effective treatment options both for medical and economic reasons, no more than approximately one third of patients may derive some benefit from any treatment in place [31] . To assess the impact of treatment upon the patient, we relied on the ANN-based models exhibit superior prognostic accuracy at both measurement time-points. Note that ANN performance was evaluated from test data, i.e., data from 24 subjects not used for network training, whereas the predicting ability of regression analysis was evaluated by comparing predicted to actual classification in the whole set of data (N = 72). RC = reliable change.
HAQ to measure HRQOL longitudinally. The HAQ is, to the best of current knowledge, among the most sensitive patient-oriented outcome assessment instruments to detect clinical change in rheumatologic conditions [32] [33] [34] , including FMS [35] [36] [37] . Moreover, we used the RC statistic as a principled criterion for identifying positive, clinically meaningful changes in longitudinal course of clinical status. This posed more stringent conditions for labeling an individual as a responder. Because of this, patients labeled here as nonresponders also included those undergoing minor but significant improvement that did, however, not attained the RCI level. Such minor positive responses probably contributed to the slight but significant average HAQ-DI improvement noted in the nonresponder group at discharge (Table 3) .
Comparison of clinical profiles between patients labeled here as responders and nonresponders showed consistent differences across sensory, psychological, and functional parameters that could be measured with different assessment tools. Thus, patients in the responder group exhibited improvement relative to prior to treatment in terms of average scores on the FIQ, pain intensity, sensory PRI, the anxiety subscale of the HADS, and the PCS from the SF-36 (Table 3) , whereas patients in the nonresponder group experienced no improvement in any of these variables. Consistently, responders scored statistically significantly better than nonresponders on most of these scales, at least at discharge (Table 3 ). We thus believe that the observed differences in patient outcome between responders and nonresponders are confirmatory of the adequacy of criteria for group segregation. Consequently, new patients with FMS that will be classified as prospective responders by the ANN-based models built from these data can be expected to be those that will actually experience reliable, clinically relevant improvement.
Figure 2
Receiver operating characteristic (ROC) curves both for regression analysis (dashed line) and artificial neural network (ANN) (continuous line) approaches to predict reliable positive change in functional status at discharge (A) and 6 months after interdisciplinary intervention (B). Areas under the ROC curve (AUC) for both models are provided. Prediction capabilities of ANN models can be considered as excellent at both evaluation time-points, based on AUC values. 
Contribution of ANN-Based Models to Prediction of Treatment
The challenge of predicting treatment outcome is one of clinical relevance in FMS. In the management of persons with this condition, there is typically a prolonged lag between the initiation of treatment and the symptomatic response. Current clinical practice is to monitor the patient with FMS for symptomatic improvement for up to 8-12 weeks after treatment onset [2, 3] , a process that is commonly repeated on a trial-and-error basis until the best available treatment is reached. In addition, the uncertainty of benefit and the problem of side effects also cause many patients to prematurely discontinue a medication before experiencing benefit [38] [39] [40] [41] . This poses a major limitation to tertiary prevention, which otherwise seeks to preclude further deterioration or to reduce complications after the disease has declared itself. Prediction of treatment outcome may thus be expected to contribute to tertiary prevention by helping prioritize patients appropriately so that a specific therapy is administered to those that are most likely to benefit from it. Here, patients showing worse functional status in terms of baseline HAQ-DI tended to gain more from multidisciplinary treatment. This is in line with previous findings in patients with rheumatologic conditions. For example, higher scores on pain intensity and depression at baseline in patients with FMS have been found to be prognostic for improvement as a result of multidisciplinary intervention [42] . In addition, worse clinical status in terms of scores of pain intensity and depression has been found to be prognostic for more improvement after a multidisciplinary rehabilitation program in patients with chronic low back pain [43] .
Although not directly measured here, this may be because reducing the amount of fear-avoidance beliefs, an important factor worsening physical functioning of patients with pain [43] [44] [45] , is reduced during multidisciplinary treatments that include cognitive-behavioral therapy as in the present study [46] . Thus, in prioritizing patients with FMS when prescribing a multimodal intervention, higher functional disability may reasonably be seen as a potentially useful broad criterion to select those patients that are likely to benefit the most from treatment. More specifically, the ANN-based models built and trained here to identify prospective responders to multidisciplinary treatment showed an accuracy above 90% in classifying newly presented patients and compared favorably to LR. The subset of patients (48 out of 72) included in the training phase of the ANNs was selected randomly from the general sample and thus differences in sample size might have only minor influence on these results. A limitation of using ANNs is their relative inability to explicitly identify possible causal relationships, as analysis of coefficients associated to hidden layer neurons usually reveals little information as to the relative weight of individual input variables on outcomes. It is, however, important to stress that the aim of the present study was to demonstrate the potential usefulness of ANN-based models rather than to identify predicting factors. Although LR analysis remains the gold standard of statistical predicting tools in clinical settings, achieving most stable, meaningful results when large data samples are available, ANN-based models here exhibited an excellent predictive performance in a relatively small cohort of patients with FMS. This can be accounted for by the ability of ANNs to implicitly detect and model arbitrarily complex nonlinear relationships between variables, a common scenario within the medical domain and clinical diagnosis [13] [14] [15] . Indeed, ANN-based models here were able to capture and map several clinical variables in the input space, such as the anxiety subscale of the HADS and the sensory-discriminative and affective-motivational subscales of the MPQ, which failed to be identified as explanatory variables by the LR analysis. This is of particular importance when dealing with patients with FMS, which are characterized by considerable heterogeneity in clinical presentations, frequent concurrence of overlapping, comorbid conditions [31] , and variable time-course [47, 48] . In addition, it is probably due to the ability of ANNs to identify complex patterns, regardless of the complexity of the underlying logic, that treatment outcome at the 6-month follow-up was predicted better than by LR. Reasonably, therefore, the so-trained ANN-based models may be able to effectively identify as prospective responders those patients that will actually benefit from multimodal therapeutic intervention, provided that appropriate clinical data are collected as input data to the ANN during the training phase. Importantly, this triage can be done at an early stage after diagnosis or shortly after admission, thus minimizing the lag until symptomatic improvement. In addition, reducing uncertainty on patient outcome should be expected to contribute to improving adherence to treatment.
Finally, we show that the learning and adaptive capabilities of ANNs may be of use in predicting patterns of patient outcome or clinical evolution over time, which in the present case included combined responses at two different evaluation time-points after treatment, provided that ANNs are trained with appropriate longitudinal data.
Toward Treatment Individualization
There is tremendous variability within patients with FMS, and an explicit diagnosis of FMS using ACR criteria may not produce a homogeneous patient sample that can be effectively treated with one approach to intervention [8, [49] [50] [51] . In this scenario, specific therapeutic strategies could be made more effective if targeted at identified subgroups of patients early in the treatment process [50] . Clinical data analyzed here were collected from outpatients attending a hospital-based facility, and therefore the predicting capabilities of our present ANN-based models are circumscribed to these particular settings and cannot be generalized to patients with FMS collectively. However, the potentialities of ANNs to identify prospective responders on the basis of clinical data at baseline may also as effectively be exploited to model patient outcome in different specific clinical or demographical settings and with respect to any particular treatment. A so-constructed multiscale predictive framework may thus further contribute to therapeutic decision making and can contribute to and to progress toward treatment individualization.
ANNs are an affordable, little time demanding technology that requires less formal training to develop than statistical models and involves only modest computational effort. In summary, the results of the present study suggest that ANN-based models may be a useful adjunct to classic, LR models to therapeutic decision making in FMS, as well as a valuable tool to progress toward treatment individualization.
